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In order to design broadband extreme ultraviolet multilayers with many objectives, the multi-
objective genetic algorithm and the multiobjective genetics algorithm with reference direction have
been improved and combinedused. The certain conflicting relations between three primary design
objectives have been obtained by analyzing the distribution of nondominated solutions, and the
multilayer designs with critical average reflectivities have been found. Basing on the multiobjec-
tive genetics algorithm with reference direction, the exact multilayer design has been obtained by
guiding the searching in desired region of solution space. Our method can supply the multilayer
designs which are the optimal trade-offs among these design objectives, and it has a great potential
in designing optical multilayers with more objectives.
Owing to the demanding applications in extreme ul-
traviolet (EUV), accelerator based light sources, soft X-
ray microscopy, and astronomy telescopes, the multilayer
optics have experienced significant development over the
last three decades [1, 2]. The narrow spectral and angu-
lar reflectivity bandpass of EUV mulrilayer that results
from the interference nature of EUV reflection from pe-
riodic multilayer limit the applications of multilayer op-
tics [3]. A straightforward way to increase the reflected
bandwidth is to use the aperiodic multilayer, and this
method have been well developed and intensively investi-
gated in this field [4, 5]. Recently, it is a routine method
to develop a broadband EUV multilayer via considera-
tion of the conventional performance of reflected profile,
and much effort has been made towards to meet some
other advanced requirements in multilayer design, such
as the throughput of reflected bandpass, relative disper-
sion of reflectivity [6], effect of random thickness errors
[5], polarization degree of reflected plateau [7] and so
on. Unfortunately, in most of these researches, those ad-
vanced performances are test using the multilayer struc-
ture which is obtained by only optimizing the reflected
profile, which is unable to optimize those advance perfor-
mances. Furthermore, the merit function which describes
those advanced performance has been added with tradi-
tional merit function, and then the summation has been
optimization [6, 8]. Though this method is simple to
convert the optimized objectives into a single goal, but it
fails to analyze the complex relations between different
design goals, and one must give a good consideration of
weight between the objectives. It is also realized that the
aimed reflectivity is a determined constant in previous
approaches of multilayer designs, which can not explore
the potential performances or risks of multilayer system,
and then the throughput and flatness of reflected plateau
should be optimized as two different design targets. Fur-
thermore, as the industrial development of EUV optics
[9], the influence of random thickness errors has to be an
additional objective. Therefore, further developments in
EUV optics make it necessary to simultaneously optimize
many objectives of multilayer design, and how to obtain
the best possible trade-offs is becoming a fundamental
challenge.
Fortunately, many multiobjective genetic algorithms
(MOGA) have been proposed and performed well on op-
timizing several objectives simultaneously [10]. Due to
the conflict among all these objectives, this optimization
generates a set of solutions representing the best pos-
sible trade-offs, which compose the Pareto-optimal set,
and the mapping of Pareto-optimal set in objective space
is defined as Pareto-optimal front. Furthermore, in or-
der to find a single preferred solution in the evolution-
ary multiobjective optimizations efficiently, the MOGA
using reference direction has been developed [11]. How-
ever, the multilayer design requires to optimize many pa-
rameters and the merit functions are complex, thus the
solution space is quite large, and it is not easy to obtain
the Pareto-optimal front. Up to now, MOGA has been
used in the designs of broadband EUV multilayers with
two optimized targets [12]. In this letter, we improved an
MOGA and developed the MOGA with angle-based pref-
erence selection mechanism (MOGA-ANGLE), and then
we combined these two algorithms and expanded them
into the designs of EUV broadband multilayers with 3D
objectives.
The multilayer mirror with a wide angular bandpass
is an important component for large aperture EUV op-
tical system, and its reflected plateau is very sensitive
to layer thickness errors [5]. Therefore, its multilayer
design is very representative, and our approach to the
inverse problem of designing EUV multilayer with mul-
tiobjectives is based on the minimization of these merit
functions
f1 =
(∫ θmax
θmin
R(θ)dθ
)−1
=
(
R¯(θmax − θmin)
)−1
;
f2 =
∫ θmax
θmin
(
R(θ)
R¯
− 1
)2
dθ;
f3 = f2 +
1
2
m∑
i=1
∂2f2
∂d2i
δ2i ,
(1)
2where R and R¯ are the theoretical and average reflec-
tivities of the designed multilayer, and θmin and θmax are
the minimum and maximum incident angles, respectively.
The first merit function f1 is the reciprocal of reflected
throughput, and the second merit function f2 charac-
terizes the deviation of the calculated reflectivity profile
from the average reflectivity. The third merit function f3
represents sensitivity of reflected profile to random thick-
ness errors, and here di and δi are the thickness and thick-
ness error’s standard deviation of the ith layer respec-
tively. We need to optimize the thicknesses of m layers
contained in the multilayer system, and these layers have
the ineluctable thickness errors which originate from im-
precision deposited control of quartz crystal monitoring
or time monitoring. Therefore, these three performances
of multilayer can be optimized by minimization of these
functions, and we set them as optimized objectives of
MOGA. The conceptual steps and more details of MOGA
with two optimized targets can be found in Ref.[4] and
the references therein. Because the dimension of objec-
tives is increased from 2D to 3D, several improvements
have been made. At first, the increasing of objective
dimension induces an enormous enlargement of solution
space, and then we increase the population size to 1000,
and run the program until 16000 generations. Secondly,
we adopt the archive truncation method [10] to keep non-
dominated solutions of new population based on their Eu-
clidean distances to the nearest neighbor to replace the
strategy based on their crowding-distance values, which
further enhanced the diversity of MOGA. Thirdly, in or-
der to prevent premature convergence of MOGA that
most solutions have very low reflected plateaus, we adopt
the penalty functions for the individual, if the value of
first merit function f1 is larger than 0.15, all its other
values of merit functions are revalued by fi+β(i = 2, 3),
where β = 106. This strategy can exclude the indi-
vidual with low reflected plateau (R¯ ≤ 42%) from the
first nondominated front. It is worthwhile to point out
that the MOGA is well suited for parallelization at multi-
processor high-performance computing systems.
Although, the MOGA mentioned above can be used
to find a set of representative efficient solutions of multi-
layer designs in solving multiobjective optimization, the
nondominated solutions obtained are hard to near the
Pareto front, and it is difficult to derive exact solu-
tions in local solution space. Therefore, we further in-
troduce the MOGA with reference direction in the mul-
tilayer designs. In order to ensure the consistency be-
tween MOGA and MOGA with a reference direction,
their basic steps and strategies are the same, but the
crowding-distance and archive truncation method are
instead of angle-based preference selection mechanism
(MOGA-ANGLE) [11]. We chose the representative ef-
ficient solution ~Fr = (f1r, f2r, f3r) in the nondominated
solutions and provide this reservation point as the search-
ing direction, and then for the individual j in the pop-
ulation, we connect it to the aspiration point so as to
form a vector and calculate the angle between its vector
~Fj = (f1j , f2j, f3j) and the searching direction as [11]
Θ = arccos

 ~Fj · ~Fr∣∣∣ ~Fj ∣∣∣ · ∣∣∣ ~Fr∣∣∣

 . (2)
As a result, this approach not only makes the selection
pressure stronger but also integrates the preference in-
formation of aspiration point to guide the search toward
desirable region in solution space.
The improved approach is applied to the designs
of Mo/Si multilayer mirror, which has a flat re-
flected profile at wavelength of 13.5 nm in the inci-
dence angular from 0◦ to 16◦ [5]. In our simulation,
the structure of multilayer system can be written as
Sub/Si/[MoSi2/Mo/MoSi2/Si]49/SiO2, where the imper-
fections of interface, the interlayers and oxidation of top
layer are all considered. For simplicity and without loss
generality, we consider s polarization of light, and the
SiO2 oxide layer has a thickness of 2nm and a surface
roughness of 0.6nm r.m.s. Therefore, our multilayer sys-
tem considered can be an appropriate model for the
Mo/Si multilayer deposited by DC magnetron sputter-
ing [13].
FIG. 1. Obtained nondominated solutions according to different
generations of multiobjective genetic algorithm where three merit
functions of multilayer designs are considered. Three representative
efficient solutions are chosen as the desirable searching directions
for the multiobjective genetic algorithm with reference direction.
After the optimizations of MOGA, the nondominated
solutions according to different generations are presented
in Fig.1, where the value of merit function f1 has been
converted to mean value of reflectivity. In Fig.1, it is
found that these values of three merit functions can be
optimized simultaneously, and all individuals populate
in the first nondominated front after 14000 generations.
It is clear that many solutions with different average
reflectivities can be obtained in one run, and this is a
3great advantage than traditional design method that the
aimed reflectivity is set as a constant, and only one mul-
tilayer design can be obtained in one simulation. Mean-
while, the relations between different objective are easy
to identify and analyze. In Fig.1, with increasing the av-
erage reflectivity, the deformation of reflectivity plateau
and sensitivity to random thickness errors also increase,
which means these objectives conflict. An interesting
phenomenon is found that when the solution’s average re-
flectivity is higher than about 58%, both of deformation
of reflectivity plateau and sensitivity to random thickness
errors increase dramatically with increasing the average
reflectivity; while for the solutions having a lower reflec-
tivities than 58%, they have comparable deformation of
reflectivity plateau and sensitivity to random thickness
errors, thus these solutions with critical average reflec-
tivities work as the turning points. This result can be
understood by the reflected ability of multilayer system,
and this information is very important for multilayer
designs to reduce the deposition risks of EUV mirrors.
However, because the solution space is very large, it is
found that we have not obtained many solutions hav-
ing an acceptable deviation of the reflectivity cure from
a flat plateau. Therefore, we chose three representative
solutions in Fig.1 as searching directions to search the
desirable solution regions, and here the chosen solutions
of Directions I (locate in the region of turning points),
II and III have the lower sensitivity to random thickness
errors, smaller deviation from a flat plateau and relative
higher average reflectivity, respectively.
FIG. 2. Obtained nondominated solutions according to different
generations of multiobjective genetic algorithm with reference di-
rection, where the Direction I as shown in Fig.1 is used searching
direction. Obtained nondominated solutions of multiobjective ge-
netic algorithm with reference direction after 16000 generations,
and these three sets of multilayer designs are according to three
searching directions as shown in Fig.1, respectively. Here, the so-
lutions with lowest sensitivity to random thickness errors, smallest
deviation from a flat plateau and highest average reflectivity are
defined as Designs I, II and III, respectively.
With the chosen directions as shown in Fig.1, the ob-
tained nondominated solutions based onMOGA-ANGLE
are demonstrated in Fig.2. For MOGA-ANGLE, the
population size of 100 is enough for local searching, which
speeds up the solving process. In Fig.2, the nondom-
inated solutions according to different generations are
presented, and it is found that these three merit func-
tions can also be optimized simultaneously. Furthermore,
one can see that all the individuals populate in the first
nondominated front very quickly, and all solution con-
centrate in the region of Direction I, which means the
local searching has been realized. Meanwhile, these non-
dominated solutions after 16000 generations according
to Directions I, II and III are demonstrated in Fig.2, re-
spectively. It is realized that further optimization has
obtained induced by MOGA-ANGLE, the solutions with
more stability of reflectivity plateau to thickness errors
and more flat reflected profile are obtained in Directions I
and II respectively, and we define them as Designs I and
II as shown in Fig.2. After the optimization of 16000
generations in Direction III, all solutions converge to a
point, and it is found that all the solutions in Directions
are nearly the same, and then we define them as De-
sign III. Therefore, the MOGA and MOGA-ANGLE can
complement each other in multilayer design, MOGA can
supply the global information of solutions, and MOGA-
ANGLE can guide the searching to desired local region to
obtain solutions which are closer to Pareto-optimal front.
In Fig.3(a), we demonstrate the layer thickness distri-
butions of Designs I, II and III, respectively, and it is easy
to found that these multilayer designs are completely dif-
ferent, so our approach can supply a set of multilayer
designs. In order to consider the influences of random
thickness errors on reflectivity profile, the mathemati-
cal expectation reflectivity profile and standard deviation
corridor of multilayer design can be given by [4]
M(θ) =
1
2
98∑
i=1
∂2R(θ)
∂d2i
δ2i ;
S2(θ) =
98∑
i=1
(
∂R(θ)
∂di
)2
δ2i +
1
4
98∑
i,j=1
(
∂2R(θ)
∂di∂dj
)2
δ2i δ
2
j ,
(3)
where dj and δj are the thickness and thickness error’s
standard deviation of the jth layer, and M(θ) and S(θ)
are deviation and variation of mathematical expectation
reflectivity. The mathematical expectation reflectivity
profiles and standard deviation corridors of Designs I,
II and III are given in Figs.3(b), 3(c) and 3(d), respec-
tively. Comparing Fig.3(b) and Fig.3(c), one can found
that although Design II has a reflected plateau which is
more flat, but its average reflectivity is lower and un-
der the standard deviations of 0.05nm thickness errors,
the region of perturbed reflection is larger, which means
its deposited risk is higher. Meanwhile, Design III can
give the highest average reflectivity, but an increase of
average reflectivity by 2% induces a great increase in the
4FIG. 3. (a) Designed layer thickness distributions of Mo/Si multilayers according to the multilayer designs as shown in Fig.2, respectively.
The naturally formed interlayers are considered, and the thicknesses of the Mo-on-Si and Si-on-Mo interfaces are 1.0nm and 0.5nm,
respectively, but these interlayers are not shown; The theoretical reflectivity plateaus and average reflectivities of reflectivity plateaus for
Design I (b), Design II (c) and Design III (d), respectively. These insets are the mathematical expectation reflectance R + M and the
standard deviation corridors R+M ± S for the corresponding multilayer designs, respectively. Here the densities of all materials are the
same as their bulk densities, the interfacial roughness is 0.3nm r.m.s, and the random thickness errors of Mo or Si layers have the normal
distribution and a standard deviation of 0.05nm.
deviation from a flat plateau and the region of perturbed
reflection. As result, Design I can supply the best com-
prehensive performances, thus the information of turn-
ing points is very useful and important. Furthermore,
it is very difficult to obtain multilayer structure of De-
sign I for traditional design methods, where the robust
design is seldom considered and solution searching is a
kind of blind. Most EUV researches focused on develop-
ing the high-cost manufacturing technology, but a design
improvement can provide improved performances using
the affordable technologies in the laboratory.
In conclusion, the improved MOGA and MOGA-
ANGLE are combined and applied in the designs of
broadband EUV multilayers with many conflicting ob-
jectives. Basing on the optimization of MOGA, the re-
lations between objectives of multilayer design can be
found in the first nondominated front, and some critical
solutions have been obtained. Three interested solutions
are picked out and set as searching directions for MOGA-
ANGLE, and then the searches are guided toward the
desirable regions. As a result, several competitive results
of broadband multilayer designs have been obtained. It
is important that the establish of multilayer design with
3D objectives is a critical milestone of designing multi-
layers with more objectives, thus this work completely
opens the new ways of optical thin film design based on
multiobjective optimization algorithms.
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